This paper investigates the nexus between labor diversity and innovation in a population of Danish firms. Specifically, exploiting information retrieved from a comprehensive linked employer-employee database and implementing a proper instrumental variable strategy, we are able to identify the contribution of diversity in cultural background, skills and demographic characteristics to valuable firm's innovation activity. The latter is here measured as firm's propensity to apply for a patent, number of patent applications (intensive margin) and firm's ability to patent in different technological areas (extensive margin). We provide evidence of the key role of skill diversity in propelling firm's innovation outcomes.
Introduction
Similarly to other developed countries, Denmark has experienced many changes in the workforce composition which has lead to an increased heterogeneity of the labor force in terms of age, gender, skills and ethnicity. This is partly the result of policies adopted to counteract the problem of population aging, antidiscrimination measures, immigration and the worldwide globalization process (Pedersen et al., 2008) . From the demand side, we observe increasing diversity across many workplaces and we hear often about the importance of further internationalization and demographic diversification. The promotion of diversity is often perceived as a chance to improve learning and knowledge management capabilities and then enhance the firm productivity (Parrotta et al., 2010) and innovation. In a relatively recent survey conducted by the European Commission, a large number of respondents identified innovation as a key benefit of having diversity policies and practices (European Commission, 2005) . 1 In the literature on the relationship between labor diversity and firm's innovation, a paradox has been recognized: whereas labor diversity can be a source of creativity and therefore foster innovation activity, a high degree of heterogeneity among workers may induce misunderstanding, conflicts and uncooperative behaviors within workplaces (Basset-Jones, 2005). There is no general agreement on which effect may prevail. However, the paradox weakens if we distinguish between non-cognitive and cognitive diversity. Specifically, differences in skills, education and more broadly in knowledge among employees seem to be beneficial rather than detrimental. According to , positive effects may prevail as long as workers' information sets are not overlapping but relevant to one another. Ambiguity instead persists for diversity in ethnic and demographic characteristics of employees. On the one hand, differences in cultural background, age and gender may provide diverse perspectives and opinions that could facilitate the achievement of optimal solutions and therefore stimulate innovations (Watson et. al. 1993; Drach-Zahavy, 2001 ). On the other hand, such heterogeneities might create communication barriers, reduce the workforce cohesion and prevent cooperative participation in research activities (Williams et al., 1998; Zajac et. al., 1991) . Diversity in these dimensions generates high costs of "cross-cultural dealing" . Thus, it is still unclear whether more ethnically and demographically heterogeneous firms outperform the relatively more homogeneous ones.
The literature exploring the relationship between labor diversity and firm's innovation is mainly composed of business case studies that often look at work team composition (Horwitz et. al., 2007; and Harrison and Klein, 2007) or even focus on diversity in top management teams only (Bantel and Jackson, 1989;  Pitcher and Smith, 2001). That may be imputed to differences in research aims and approaches but also to the lack of register data, which provide a notable amount of information on the labor force composition at the firm level. To our best knowledge there are only two studies making use of a comprehensive linked employer-employee database (LEED) and both argue that the restricted focus on team diversity represents a limitation since the innovation process may be affected by the interplay of diverse actors in the firm's workforce. and accounts of 1648 firms. It evaluates the effect of gender, age, ethnicity and education heterogeneity on firm's propensity to innovate. The authors find evidence of (a) positive effect of diversity in education and gender, (b) no significant effects of ethnic diversity and (c) negative effects of age diversity on firm's innovation. The second study is Söllner (2010), which analyzes how occupational diversity, considered as a proxy of human capital heterogeneity, affects the firm's likelihood to introduce a product innovation. Controlling for age and tenure diversity among other covariates, he finds that "occupational diversity is positively related to the propensity to innovate".
However, both studies present some limitations we are able to address properly in the present article. Firstly, if firms are aware of the importance of labor diversity and leverage it to improve their performances then the relationship under investigation may be affected by simultaneity or endogeneity. To address these concerns, we implement an instrumental variable (IV) strategy based on levels of diversity in cultural background, skills and demographic characteristics computed for each commuting area. Secondly, as broadly documented by industrial and knowledge economics literatures, firms are characterized by different propensity to innovate. There exist unobserved and observed firm specific heterogeneities that should be taken into account to evaluate the effect of any labor diversity dimension on firm's innovation outcome. Moreover, since "success breeds success" firms may gain some locked-in advantage over other firms due to successful innovations (Simons, 1995) . Following Blundell, Griffith and van Reenen (1995), we account of past firms' success in innovation and use pre-sample information as an observable proxy for unobservable permanent firm characteristics. Furthermore, we control for the potential role of the external knowledge in favoring firms' patenting activity. Both geographical and technological distances have been computed to build up knowledge spillovers indicators. Finally the propensity to innovate is not fully informative on the firm's innovation abilities. At least other two dimensions can be accounted: the 4 number of innovations introduced each year and areas in which the firm has realized them. Estimating the effects of labor diversity on propensity to innovate, intensive and extensive margins of firm's innovation, we provide a more comprehensive assessment of the nexus in object.
Implementing alternative estimation techniques, we find evidence of the key role of the skill diversity in propelling firm's innovation. Diversity in cultural background has a positive and significant influence, too. Effects of diversity in demographics turn to be mostly insignificant when shares of male and differently aged employees are included as controls. Our results suggest firms to focus on recruitment strategies that explicitly account of skills and ethnic heterogeneity. We find evidence that diversity is an important driver for the creation of new ideas, since more diverse workforces are typically characterized by a broader spectrum of perspectives facilitating innovations in different technological fields. Moreover, workforce diversity may stimulate innovation by providing useful information to firms about consumers' tastes and products' markets. In this regard, our findings are consistent with the theoretical framework proposed Thus, it clearly emerges a strong correlation between macroeconomic fluctuations and innovations. The interpretation of this empirical evidence assumes a specific (theoretical) causal relationship if we refer to models belonging to the New Growth Theory (NGT). Therefore, if the innovation is the engine of the economic growth then investigating the determinants of the innovation process may also leads to the identification of the sources of a sustainable growth.
In this regard, public institutions could invest resources to promote diversity within workplaces and in such a way increase the returns to innovation.
The structure of the paper is as follows: section 2 briefly describes the data, section 3 provides details on the empirical strategy, sections 4 and 5 explain all the results of our empirical analyses and Section 6 offers some concluding remarks.
Data

Data sources
The dataset we use for our analysis is obtained by merging three different data sources. The first one is the 'Integrated Database for Labor Market Research' (IDA). It is the Danish LEED and is managed by Denmark Statistics, a Danish governmental institute responsible for creating statistics on the Danish society and economy. IDA is therefore a register containing a broad set of information on individuals and firms, among them we are interested in gender, age, nationality, civil status, education, occupation and place of work but also whether a firm is (partially or totally) foreign owned and multi-establishment.
In IDA such variables are recorder for the period 1980-2006. The second data source is a register of firms' business account (Regnskab) that provides information about a number of financial items we need to construct values of firms' capital stock, on whether a firm exports and the 3-digit industry a firm belongs to.
2 This database is also maintained by Denmark Statistics and report data for the period 1995-2006. 3 In Regnskab it is possible to identify partially and totally imputed values that we do not include in our final dataset to avoid any bias in the estimates. The last data source is a collection of patent application sent to the European Patent Office (EPO) by Danish firms. 4 It covers a period of 26 years (1978-2003) and allows us to account of 2822 applicants and 2244 granted firms. 5 We disregard from the analysis those industries where there are no patenting firms in the period considered in this empirical analysis. 6 We also exclude from our sample enterprises with less than 10 employees to allow all investigated firms to potentially reach the highest degree of (ethnic) diversity at least when an aggregated specification is used. Thus, the final dataset covers 9 years (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) and is composed of approximately 14,000 firms per year.
Diversity measures
The diversity (heterogeneity) measures used in this article are computed at the firm level and based on the Herfindahl index. The latter combines two important features related to the definition of diversity: whereas the first feature manufacturing of wood products and printing; manufacturing of chemicals, plastic products; manufacturing of other non-metallic mineral products; manufacturing of basic metals and fabricated metal products; manufacturing of furniture; manufacturing n.e.c.; construction; sale and repair of motor vehicles, sale of automotive fuel; wholesale except of motor vehicles; retail trade and repair work except of motor vehicles; hotels and restaurants; transport; post and telecommunications; finance and insurance; letting and sale of real estate; business activities. 3 Part of the statistics in Regnskab refers to selected firms for direct surveying: all firms with more than 50 employees or profits higher than a given threshold. The rest is recorded in accordance with a stratified sample strategy. The surveyed firms can choose whether submit their annual accounts and other specifications or fill out a questionnaire. In order to facilitate responding, questions are formulated in the same way as required in the Danish annual accounts legislation. 4 The access to this data has been made possible thank to the Center for Economic and Business Research (CEBR), an independent research center affiliated with the Copenhagen Business School (CBS). 5 More details concerning the construction and composition of the dataset can be found in Kaiser et al. (2005) . 6 Agriculture, fishing and quarrying; electricity, gas and water supply; sale and repair of motor vehicles; hotels and restaurants; transports; and public services.
is called "richness" and refers to the number of defined categories within a firm, the second one is known as "evenness" and informs on how equally populated are such categories. Specifically, our diversity measures represent weighted averages of Herfindahl indexes computed at the workplace level:
where Div_h it is the diversity index of firm i at time t for the dimension h, W is the total number of workplaces (w refers to a given workplace) constituting the firm, and therefore N w and N i are the total number of workers at the workplace and firm level respectively. Thus, the ratio between the last two variables corresponds to the weighting function, while p wst is the proportion of workplace's employees falling into each category s a time t, with s = 1, 2, ..., S.
The diversity index has a minimum value, which takes value on zero if there is only one category represented within the workplace, and a maximum value equal
S if all categories are equally represented. The index can be interpreted as the probability that two randomly drawn individuals in a workplace belong to different groups.
As we distinguish between cultural, educational (skill) and demographic diversity, a separate measure is computed along each of the three cited dimensions. Diversity in cultural background is associated with employees' country of provenience (Danish natives and second generation immigrants excluded) and is built by using the following eight categories: North America and Oceania, Cen- However, given that the overall categorization might be somehow arbitrary, we decide to use a more disaggregated one, too. Thus, the alternative cultural background diversity is based on 40 language trees (families) 8 , whereas diversity in education and demographics are based on eight and ten categories respectively. Differently from the former classification, the secondary education is split into 3 sub-groups: high school, business high school and vocational education. Demographic diversity is computed now by combining gender and five age dichotomous indicators associated with quintiles of the overall age distribution. Table 1 reports some descriptive statistics (median, mean and standard deviation) of the variables used in our empirical analysis. The firm population is divided into two groups based on whether a firm applied at least for a patent (patenting firm) or did not. Patenting firms are characterized by notably higher values of capital and labor inputs: the average capital stock is almost 9.5 times the value of the never applicant firms. As expected, differences between the two groups concern also the workers' educational composition. Whether larger shares of highly educated employees are recorder for the patenting firms, the proportion of blue-collar, technicians or low skilled workers is more representative of the other firms. The latter are more likely to be single-establishment companies and markedly less export oriented: on average the share of exporters halves among the never applicants. No significant differences are shown instead 8 See the Appendix for more details.
Descriptive statistics
9
for the foreign ownership status: the foreign capital penetration is quite low among Danish firms. For the purposes of our analysis it appears extremely relevant to take into account the role of external sources of knowledge since they may facilitate firms' innovation activity. Although we already control (using the export dummy) whether firms compete in the international arena and then have access to foreign knowledge, more precise indexes of knowledge spillovers can be defined at the national level. As described in Appendix 2, we construct two measures of knowledge spillovers, one based on the geographical distance and the other on the technological proximity. Looking at these measures of knowledge spillovers, we find no evidence of diffused clustering behavior neither huge differences in technological distance between the two groups. Interestingly, patenting firms record a higher share of female and foreign employees. Furthermore, the presence of managers characterizes more such firms, whereas the opposite holds true for middle managers. Workers in these knowledge based firms are a slightly older on average terms: presumably the share of the least aged is lower because patenting firms hire a wider proportion of well trained and experienced people.
As matter of fact long tenure profiles are more common within patenting firms' environment. Diversity indexes register higher values for patenting firms. Particularly evident is the differential in the ethnic heterogeneity that is on average 3.5 times larger with respect to non-patenting firms. These report also substantial lower skill diversity, which is 16% poorer in mean values. Thus, the presented descriptives raise reasonable interest in evaluating the "nexus" between firms'
patenting behavior and diversity in ethnicity, education and demographics.
3 Econometric methods
Propensity to innovate
To investigate the effect of labor diversity on firm's propensity to innovate is employed a standard binomial regression technique. Specifically, we estimate the following probit model:
where z * it denotes the unobservable variable inducing firm i to apply at least firm's number of patents in a pre-sample year by the total number of patents applied for during that year:
As firms can leverage labor diversity to improve their innovation performances, we also instrument our variables of interest. The instruments here adopted are the levels of diversity in cultural background, skills and demographic characteristics computed at the commuting area where the firm is located. 9 The so-called functional economic regions or commuting areas are identified using a specific algorithm based on the following two criteria. Firstly a group of municipalities constitute a commuting area if the interaction within the group of municipalities is high compared to the interaction with other areas. Furthermore, at least one municipality in the area must be a centre, i.e. a certain share of the employees living in the municipality must work in the municipality, too
. 10 This IV strategy seems to be well suited in our context because (except for the area around Copenhagen) commuting areas in Denmark are typically relatively small and therefore firms very likely recruit workers from a given local supply of labor, which is obviously characterized by a certain degree of heterogeneity. Moreover, the rather low Danish residential mobility (Deding and Filges, 2009 ) may reinforce the properness of our strategy.
To reinforce the exogeneity of our instruments we exclude each firm workforce from the computation of labor diversity at the related commuting area. The same argument applies to the analyses of intensive and extensive margins too.
Extensive margins
The estimation approach used to evaluate the extensive margins of firms' patenting behavior is similar to that one adopted for the firms' propensity to 9 Unfortunately in our dataset it is not possible to observe in which area each establishment of a multi-establishment firm is located. For the multi-establishments firms, the information about the location is only provided for the headquarter. However, we do not think this represents a serious problem as multi-establishments firms constitute only 26 % of our sample. This is reinforced by the fact that we always reject the hypothesis that our instrument is weak. 10 In total, 51 commuting areas are identified as shown in Figure 1 .
patent. The reason behind that is due to the lack of minimum observations required to run any count data model that could have explained how diversity in the three dimensions of interest may influence the ability to patent in different technological areas in a given year. Thus, we evaluate whether more labor diversity increases the probability of a firm to (apply for a) patent in more than one technological area.
Intensive margins
As the number of patents is restricted by definition to non-negative integers,
the econometric strategy used to analyze the relationship between intensive margins of patenting activity and labor diversity is grounded on the family of count models. As a starting point we assume that the data generating process follows a Poisson distribution. If the random variable Y it , in our case number of patent applications filed by firm i at time t, is Poisson distributed, then the probability that exactly y applications are observed is as follows
Covariates can be introduced by specifying the individual mean as
where η i stands for the unobserved time invariant firm specific heterogeneity term and w it is a vector of patent production determinants, as specified in subsection 3.1. Following Blundell et al. (1995) , we also include, among the covariates w it , the discounted patent stock of firm i at period t − 1 in order to account for potential state dependence in patenting activity. This is calculated
where y it−1 is the lagged number of patent applications and δ is the depreciation rate set equal to 30 per cent as in Blundell et al (1995) .
We also add a dummy variable taking value on zero if the firm had never innovated prior to 1995, to capture persistent differences between patenting and non-patenting firms (Blundell et al. 1995; Blundell et al. 1999 ). In addition, this dummy variable represents a remedy for the so-called "zero-inflation problem"
given that in our data many firms never applied for a single patent. The presample information technique is feasible in a study like ours because we have a long series for the dependent variable (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) prior to the starting period (1995) of the final sample in use.
However, as the Poisson model imposes the equality of conditional mean and conditional variance of the dependent variable distribution, we also decide to implement a negative binomial model, which is more flexible. In fact, it allows the variance to exceed the mean and the dispersion parameter α to vary randomly between firms 11 :
where Γ is the Gamma distribution.
As we have already mentioned before, one may argue that the relationship between firm patenting activity and diversity could be affected by endogeneity.
The latter issue might arise because there could be unobserved firm specific factors influencing both the number of patent applications and the degree of 11 The Negative binomial model coincides to a Poisson distribution when α = 0 . 14 labor diversity. To address these concerns we apply a two-stage IV procedure to the Poisson model as suggested by Vuong (1984) . In this case equation (1) is specified as follows:
where the term u it can be interpreted as unobserved heterogeneity correlated with the diversity indexes but uncorrelated with the vector of patent production determinants w it . 12 To model the correlation between the endogenous variables and u it , we specify a system of linear reduced-form equations, one for each diversity index. This is
where z it is the vector of exogenous variables that affects firm level diversity but does not directly affect the number of patent applications. As in section 3.1, the excluded variables are the diversity indexes computed at the commuting area where the firm is located and the model is just-identified. The error terms ε are assumed to have zero mean and to be correlated across equations for a given firm i but uncorrelated across observations. Furthermore, we assume that the errors u and ε are related via
where ζ it ∼ 0, σ 2 ζ is independent of ε cit , ε sit and ε cit . 13 Substituting equation (3) in equation (2) for u it and taking the expectation with respect to ζ yields
The constant term lnE(e ζ ) can be absorbed in the coefficient of the intercept as an element of w. It follows that
where ε cit , ε sit and ε cit are the new additional variables. Given that the former variables are unobservable, we follow a two-step estimation procedure where first we estimate and generate them and second we estimate parameters of the Poisson model after replacing ε cit , ε sit and ε cit withε cit ,ε sit andε cit .
Obviously, the variance and covariance matrix of the two-step estimator needs to be adjusted for the above replacement by bootstrapping the sequential twostep estimator.
Results
This section reports findings for each of the outcome dimensions we look at: propensity to innovate, intensive and extensive margins. Several specifications among the different econometric models here employed help in understanding the strength of our results. Robustness checks are in fact focused on the measurement of our outcome variable, computation of diversity indexes and differences in diversity among occupations. Table 2 reports estimates concerning the propensity to patent. As explained in the previous section, we implement probit models having as dependent variable the dummy indicating whether a firm has applied for a patent in a given year. In column 1 we have the three diversity indexes as the only regressors, which can explain about the 15% of the overall variation in the dependent variable and are associated with sizable and significantly positive effects. However, augmenting the specification by including industrial, time and size dummies we see reducing extensively the size of our coefficients of interest and almost double the explanatory power of the model. Columns 3 and 4 show results when we include all other covariates in the probit model; whether the latter treats the diversity indexes as endogenous variables, the former doesn't. Results between the two full specification models are rather similar and imply that a standard deviation change in the ethnic and skill diversity increases the probability to apply for patent by 0.020 and 0.044 per cent respectively. The inclusion of the pre-sample fixed effects turns to be extremely important to deal with time invariant unobserved heterogeneity among firms. The latter variable is associated with significant effects and corrects the estimates on labor diversity. Relevant contribution to patenting propensity is due to the shares of highly skilled and vocational workers. Instead, the two defined spillovers and the average firm tenure do not explain much of such a propensity. As expected, exporters are also more likely to apply for a patent. From column 5 to 8, the labor diversity is based on the more disaggregated categorization. Now the effect of a standard deviation change in the skill diversity produces an increase in the probability to apply for a patent by 0.059 per cent, whereas the effect of ethnic diversity appears negligible.
Results on labor diversity and propensity to innovate
Results on labor diversity and intensive margins
Results on intensive margins are reported in Table 3 and 4, all represent elasticities. Table 3 and 4 illustrate the estimates when diversity in cultural background is respectively based on countries of provenance and language trees.
The first column in Table 3 we find that a one per cent increase in the skill diversity leads to a 1.7 percentage increase in the number of patent applications. This effect is quite sizable given that the elasticity associated to a production input like human capital (proxied by the share of highly skilled workers) is just about 1.6 times larger. Important effects are also related to the shares of technicians, capital and labor stock, while spillovers do not show significant contributions to the overall number of patent applications. As in the case of patenting propensity, exporters benefit from the knowledge gained in the international markets. Fixed firm effects capture also in the count models the important portion of fixed unobserved heterogeneity.
Except for the effect of ethnic diversity, which now turns to be insignificant, the economic interpretation of our findings remains almost unchanged after comparing such results with what obtained by implementing negative binomial models, which are more flexible since they allow the variance to be different from the mean. Table 4 reports elasticities for Poisson and negative binomial for the more disaggregated classification of labor diversity dimensions. Although signs and significance levels of the estimates remain similar to Table 3 , now some changes occur. Specifically, in the IV Poisson (column 4) the coefficient on the ethnic diversity turns to be quite insignificant; in addition a larger effect is also associated with heterogeneity in skills. According to this specification a one percent increase in the educational heterogeneity may be related to a 2.23 per cent increases in the number of patent applications. Table 5 reports the effects of labor diversity on the probability of applying in different technological areas in a given year. The structure of this table is similar to Table 2 . The low number of annual patent applications does not allow us to use potentially more suited count models. The diversity indexes alone explain the 6.8 per cent of the overall variation in the dependent variable. As partially recorded in the propensity to apply for patents and intensive margins analyses, the significance of the heterogeneity in cultural background and demographics vanishes when all covariates are included. Interestingly and differently from the former cases, the coefficient on skill diversity increases its value. However, comparing estimates between more and less aggregated categories it drops substantially. No significant differences are registered in the more detailed specifications between the results from the full specification and those obtained with the instruments for labor heterogeneity dimensions. It seems that skill diversity is much more relevant for patenting in different technological areas rather than patenting per se. Thus, in order to widen the patent technological spectrum it seems to be fundamental to increase the heterogeneity in the workers' competencies and knowledge orientation. Taking the lowest estimate between the full IV specifications, it turns out that a standard deviation increase in skill diversity may be associated to a raise of about 7.2 per cent in the probability 19 to patent in different technological fields.
Results on labor diversity and extensive margins
Sensitivity analysis
As mentioned above, the sensitivity analysis here performed consists in evaluating eventual variations in the effects of labor diversity when it is differently computed or the outcome variable is measured in a stricter way. Referring to the computation of the labor diversity, we decide to use both the ShannonWeaver entropy and the richness indexes. The former is considered as one of the most profound and useful diversity indexes in biology, whereas the latter is defined as number of categories observed for each dimension of interest (it does not account of the "evenness"). We also decompose the labor diversity in accordance with the white or blue-collar occupations. This is driven by the idea that diversity could play a different role for distinct occupational groups and have consequently heterogeneous effects on firm innovation. It is in fact plausible communication costs and benefits associated with diversity may vary by occupational groups.
14 Final checks come from the evaluation of the relationship between labor diversity and firms' granted patents rather than patent applications. The reason behind this sensitivity is based on the potential critique that applications may not result into granted patents afterward. Table 6 reports marginal effects of the three dimensions of labor diversity on the firm probability to innovate. These findings do not substantially differ from what described in the main results. Interestingly, the role of skill heterogeneity strengthens when the outcome variable is based on patent grants rather than 14 Unfortunately, given the relatively low number of patenting firms (and the delay occurring between the application year and period in which the potential grant is received), it is not possible to evaluate how our main findings might have changed for the probability to patent in different technological areas in a given year. However, results regarding the use of the Shannon-Weaver entropy and the richness indexes are available from the authors upon a request.
applications. As expected, a significantly positive effect of ethnic diversity is recorded for the white-collar workers only. This result is confirmed also in Table   7 , which illustrates the effects of labor diversity on the number of patents. Thus, both outcomes support the assumption that ethnic diversity is more effective among highly skilled employees. The rest of the robustness checks are in line with the main findings and hence their overall interpretation does not vary.
That notably corroborates our main analyses and provides an evident support to the conclusions that are going to be outlined in the next section.
Discussion and conclusions
In this paper an overall assessment of the nexus between labor diversity and firms' patenting behavior has been provided. To the best of our knowledge, this study represents the first concrete attempt to formalize and generalize the relationship in object by using detailed information on firms' workforce composition.
Specifically, controlling for a large number of firm specific characteristics, Furthermore, a standard deviation change in its value could lead to a raise of about 7.2 per cent in the firms' probability to apply for a patent in different technological areas. Instead, the contribution of skill diversity in terms of general propensity to send at least a patent application in a given year is quite low and close to be negligible: a standard deviation change in its value turns to raise such a probability by 0.044 per cent. The influence of ethnic heterogeneity on the propensity to innovate and on the number of patent applications is not neglibile, especially when we distinguish between occupations. Conversely, the effect of demographic diversity typically vanishes ones detailed firm specific characteristics are included as control variables.
The overall picture coming out from our empirical analysis seems to be par- 
Appendix 2: External knowledge indexes
The main literature on agglomeration economies emphasizes the importance of firm's local environment, which may reflect information advantages, labor or other inputs pooling and further beneficial network effects aimed at alleviating the burden represented by fixed costs. A seminal contribution in this field is due to Audretsch and Feldman (1996) , who find that industries characterized by elevated R&D intensity or particularly skilled labor forces present a greater degree of geographic concentration of production. Other relevant studies, like Following both the cited approaches we construct two indexes of knowledge spillovers. These are weighted sums of firms' codified knowledge proxied by the discounted stock of patent applications. 15 The weighting function for the first index refers to the geographical distance between pairs of workplaces' municipalities and is computed by using the firms' latitude and longitude coordinates actual earth volume, this method allows us to measure the distance in kilometers between any pair of firms i and j . 16 The first knowledge spillover index is then computed as follows:
The second index is instead based on the technological proximity. Following , we use the shares of differently skilled workers to define our alternative weighting function ψ ij that is the uncentered correlation:
The components of the generator vector f reflects firm's workforce composition in terms of skills using the disaggregated categorization as described in section 3.2. The second measure of knowledge spillover pool is therefore defined
Thus, both K_geo it and K_tech ij contain weighting functions that might capture the so called firm's absorptive capacity, which is the ability to identify and exploit the knowledge externally produced (Cohen and Levinthal, 1990 ). i Table 2 : The effects of labor diversity on firm probability to innovate. Main results.
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model (7) Model ( Notes: The dependent variable in all estimations is the probability to have at least one patent application. Marginal effects reported. Model1-Model4: diversity based on the aggregate specification. Model5-Model8: diversity based on the detailed specification. Model4 and Model8 report results from IV estimation. Wald tests on exogeneity, pvalue (Model4)=0.453; p-value (Model8)=0,321. Significance levels: ***1%, **5%, *10%. Standard errors clustered at the firm level. Table 3 : The effects of labor diversity on firm patent applications. Diversity based on the aggregate specification.
Model (1) Model (2) Model (3) Model (4) Model (5) Model (6) Model ( The effects of labor diversity on firm patent applications. Diversity based on the detailed specification.
Model (4) Model ( iv Table 5 : The effects of labor diversity on the probability of applying in different technological areas.
Model (1) Notes: The dependent variable in all estimations is the probability of applying a patent in different technological areas. Marginal effects reported. Model1-Model4: diversity based on the aggregate specification. Model5-Model8: diversity based on the detailed specification. Model4 and Model8 report results from IV estimation. Wald tests on exogeneity, p-value (Model4)=0.657; p-value (Model8)=0.823. Significance levels: ***1%, **5%, 10*%. Standard errors clustered at the firm level.
v Table 6 : The effects of labor diversity on firm probability to innovate. Robustness checks.
(1) Notes: The dependent variable in all estimations is the probability to have at least one patent application. Marginal effects reported. All regressions include all the firm specific characteristics, year and three-digit industry dummies. Significance levels: ***1%, **5%, *10%. Standard errors clustered at the firm level. Notes: The dependent variable in all estimations is the probability to have at least one patent application. Elasticities reported. All regressions include all the firm specific characteristics, year and three-digit industry dummies. Significance levels: ***1%, **5%, *10%. Standard errors clustered at the firm level. 
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Notes: dashed lines indicate confidence intervals at the 95 % level.
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